Abstract: This paper evaluates the effects of China's industrial SO2 emissions trading pilot scheme (SETPS) on the pollution abatement costs (PAC) from the past and future perspective. We apply the kernel-based propensity score difference-in-difference method to examine the effects of SETPS on the average pollution abatement costs (APAC) and the marginal pollution abatement costs (MPAC) based on the environment data from the industrial sector of 29 provinces in China over the period of 1998 to 2011. Our findings are that SETPS failed to reduce PAC as a whole. During 2002 to 2011, SETPS increased APAC by 1310 RMB per ton on average and had an insignificant negative effect on MPAC. Nevertheless, the conclusions would be markedly different if we separately investigated the effects of SETPS each year of the pilot period. The positive effects of SETPS on PAC started to appear since 2009, and SETPS significantly reduced both APAC and MPAC, especially in 2009 and 2011.
Introduction
China's economy has maintained a high-rate of growth since the reform and opening up in 1978. Meanwhile, the environment has been deteriorating. In order to restore the environment, Chinese governments have adopted both traditional administrative measures (e.g., command-and-control regulations) and market-oriented policy instruments (e.g., tradable permit scheme) to ease the environmental pollution. China used to solely rely on a charging scheme by imposing mandatory pollution taxes on business firms. However, the charging scheme failed to curb the environmental pollution. Chinese governments thus attempted to take some more market-oriented measures to reduce industrial emissions of SO2 and other pollutants. As a result, the SO2 emissions trading pilot scheme (SETPS) was initiated in 2002. Four provinces (i.e., Shandong, Shanxi, Jiangsu and Henan), three municipalities (i.e., Shanghai, Tianjin and Liuzhou) and one business entity (i.e., China Huaneng Group) were selected as the emissions trading scheme pilot regions or entity, which were known as the "4 + 3 + 1" project. These pilot regions and entity were responsible for 18.5% of SO2 emissions in the acid rain and SO2 control zones and included 131 cities and 727 firms, including Shanghai and Jiangsu, which were among the most developed areas of China, Shandong, which suffered the most serious SO2 pollution, Henan, which was the biggest industrial province in central China and had the largest population in China, Shanxi, which was one of the heavy industry and energy bases of China, Tianjin, which was also a typical industrial city, Liuzhou, which was a typical acid district, and China Huaneng Group, which possessed one tenth of the thermal power generation capacity in China.
SETPS has been in effect in China for nearly twelve years since 2002. Can it really reduce the pollution abatement costs (PAC)? How does one measure the PAC? In this paper, we choose the average pollution abatement costs (APAC) and the marginal pollution abatement costs (MPAC) of SO2 to evaluate the effects of SETPS on the economic growth and environment improvement in China. APAC, a historical cost concept in a static or past perspective, reflects the economic costs per unit of emissions reduction under the current environmental technical level. While MPAC, a future cost concept in a dynamic or future perspective, reflects the abandoned economic output per unit of additional emission abatement under the Pareto optimal level, which is gained through improving the environmental technical efficiency of each province. SETPS would be proven effective in the past if it could reduce APAC in a real sense. Furthermore, SETPS would be effective in the future if it could reduce MPAC, and thus, the environmental technology efficiency of each province could achieve the Pareto optimal level.
In order to examine whether SETPS is effective in China, we apply the kernel-based propensity score difference-in-difference method to analyze the effects of SETPS on APAC and MPAC. The empirical evidence indicates that SETPS had failed to reduce PAC if the pilot period as a whole sample were taken into account. SETPS increased APAC by 1,310 RMB per ton on average from 2002 to 2011 and reduced MPAC by 72,400 RMB per ton on average, which was not significant. Nevertheless, the conclusion would be soundly different if we separately investigated the effects of SETPS each year of the pilot period. SETPS began to show positive effects on PAC since 2009 and significantly reduced both APAC and MPAC, especially in 2009 and 2011. Therefore, the effects of SETPS on reducing PAC are expected to be stable if the emissions permits trading market could be improved reasonably in the future.
in compliance with the core ideology of sustainable development. This paper argues that PAC is one of the best evaluation indexes when examining the effectiveness of emissions trading schemes. Cui et al. [18] (2013) applied this evaluation method. However, their research was based on simulation instead of the data from the emissions trading pilots in practice [18] . As a result, an evaluation approach with a "natural experiment" character was initiated in six pilot provinces in 2002, with Liuzhou and China Huaneng Group as an exception. This paper adopts thekernel-based propensity score difference-in-difference method to evaluate whether SETPS can reduce PAC or not. Differing from the other research up to now, this paper defines PAC in a much more comprehensive way by admitting that APAC reflects historical costs, while MPAC reflects future costs. In this case, we can evaluate the effects of SETPS on PAC in the past and future.
The Theoretical Underpinnings

How to Measure PAC
Following Li et al. [19] (2010), who divided the total environmental costs of industrial production into paid environmental costs and unpaid environmental costs [19] , the paper divides SO2 abatement costs into the following two categories. One is paid abatement costs, which refers to the abatement expenditure that industrial enterprises pay for desulfurization and other environmental treatments of SO2 generated in the process of production. The other is unpaid abatement costs, which are the additional abatement costs or opportunity costs generated by reducing SO2 emissions to the required levels by current environmental regulations. Therefore, this paper defines unpaid abatement costs to a small extent. This is slightly different from Li et al. [19] (2010), who define unpaid abatement costs as whole governance expenses needed under the current governance and technology level. These abatement costs are determined by the desulfurization rate and technology. Because the desulfurization rate is determined by the intensity of environmental regulations, the implementation of an environmental policy will indirectly affect PAC by changing the desulfurization rate. However, the economic development level and the size of the population are different across provinces in China. A difference within a certain spectrum in SO2 emissions across provinces is considered reasonable. Therefore, it is reasonable to use unit or marginal costs rather than total costs when making a comparative analysis across provinces or cities in cross-sectional dimensions. Based on the above economic logic, this paper extends two categories of SO2 abatement costs to average or marginal concepts, namely APAC and MPAC, in order to test the effectiveness of environmental policies. APAC is the paid abatement costs that take into account the investment in the treatment of industrial pollution in terms of per unit desulfurization. MPAC is the unpaid abatement costs, which are measured by network DEA in this paper. The following paragraph will focus on the measurement of MPAC.
Boyd et al. [20] (2002) and Chen [21] (2011) employed the directional distance function (DDF) to construct the formulas of MPAC by comparing command-and-control regulations with standard energy saving and emissions reduction regulations in terms of potential outputs and potential emissions However, according to Färe et al. [22] (2011) and Tu and Shen [23] (2013), this may cause a serious deviation, because the traditional measuring method of environmental technology efficiency underestimates environment governance efficiency. Therefore, there must be bias in the potential output and the potential emissions measured with the traditional method. In addition, an accurate MPAC could not be calculated. In accordance with the calculation methodology of Boyd et al. [20] (2002) and Chen [21] (2011), this paper builds a formula for MPAC by using the environmental directional distance function, which is based on network DEA proposed by Färe et al. [22] (2011) and Tu and Shen [23] (2013) .
In accordance with the study of Färe et al. [22] (2011) and Tu and Shen [23] (2013), this paper divides the production process into two main phases: production and abatement, which are denoted as P1 and P2, respectively. When inserting input x1 into the production process, we can get output y and pollution b1. While, when inserting input x2 into the abatement process, we can reduce pollution b1 to pollution b2. We illustrate this setup in Figure 1 . Define the environmental technology based on network DEA as:
Thus, the directional environmental distance function based on network DEA can be expressed as:
When implementing command-and-control regulations, we can choose directional vector
, so that the directional environmental distance function based on network DEA can be calculated by solving the following mathematical programming if producer 
Now, we can get the potential output yr and the potential pollution br:
The potential output and the potential pollution under different environmental policies are indicated in Figure 2 . Point A represents the producer's initial output and emissions. Producers can reach the frontier Point B by improving their technical efficiency under no environmental regulations. Producers can reach the frontier Point C by improving their technical efficiency and expanding production under command-and-control regulations with a given emissions level. Producers can reach the frontier Point D by improving their technical efficiency in the case of production expansion and emissions reduction under the standard energy saving and emissions reduction regulations in place. Comparing Point C with D, it is shown that producers may lose the potential output (yc -yr) for reducing the emissions (b -br) with standard energy saving and emissions reduction regulations rather than the command-and-control regulations in place. Therefore, in accordance with the methodology of Boyd et al. [20] (2002) and Chen [21] (2011), MPAC is calculated as follows: Figure 2 . The potential output and potential emissions under different environmental schemes.
Kernel-Based Propensity Score Difference-in-Difference Method
In order to examine the effects of SETPS, we adopt the difference-in-difference method, which is normally used to assess the effectiveness of public policies. We regard SETPS as a policy experiment or natural experiment, the pilot provinces (i.e., Tianjin, Shanxi, Shanghai, Jiangsu, Shandong, Henan) as the treated group or experimental group, non-pilot provinces as the control group, the non-pilot period from 1998 to 2001 as the before treatment period and the pilot period from 2002 to 2011 as the after treatment period. As seen from the model, Y represents APAC and MPAC, and dummy variables period and treated denote period and province, respectively, whether SETPS is implemented or not. Therefore, we can formulate the regression model as follows:
In Model (9), β3 examines the effects of SETPS on PAC (including APAC and MPAC) in the past and future. However, the pilot provinces are not randomly chosen, but determined by Chinese governments. It does not meet the requirements of random sampling of the treatment group (or experimental group) in the policy experiment (or natural experiment). Pilot provinces probably obtain this pilot opportunity because of some factors. Therefore, it is difficult to ensure that the PAC changes in both pilot provinces and non-pilot provinces from the non-pilot period to pilot period are due to the same reasons. On the contrary, it is possible that some specific factors cause different changes in PAC between the pilot provinces and non-pilot provinces. In this case, this will lead to a serious estimation bias if using the difference-in-difference method to directly estimate Model (9). The kernel-based propensity score difference-in-difference method is employed to solve this estimation problem in this paper. This estimation method consists of three steps. Firstly, the probit model (or logit model) is used to estimate the propensity score of the samples. Then, the principle of similar propensity score is obeyed to match one or more control groups with treatment groups (or experimental groups). Through this process, we can eliminate the self-selection problem of the treated group (or experimental group) to achieve random selection. Finally, with the matching results, the propensity score is used to formulate a weighting function based on the kernel density function. After that, we can calculate the effect of policy experiments (or natural experiments), namely β3 estimated in Model (9) .
The key issue to apply the kernel-based propensity score difference-in-difference method is to make a reasonable choice on the explanatory variables that determine the pilot provinces in SETPS. This paper considers the fact that Chinese governments may weigh over these six determinants (i.e., emissions intensity, energy intensity, GDP per capita, the proportion of industry sector in GDP, the proportion of urban population and the proportion of state-owned and state-holding industrial enterprises) to make the choice. These six determinants can be classified into three categories as follows:
 Environmental and energy factors: SO2 emissions intensity (SI) and energy intensity (EIP).
In general, the intensity of environmental regulations is determined by the basic conditions of the environment and energy of each province. Emission intensity refers to the SO2 emissions per unit of energy consumption, which reflects the energy consumption structure. A low emission intensity indicates a large proportion of clean energy (e.g., hydropower, nuclear power and solar energy) or low-carbon energy in the total energy consumption. Energy intensity refers to the energy consumption per unit of the industrial gross output and reflects in the level of energy efficiency or energy-saving technology. A low energy intensity indicates a high energy efficiency or energy-saving technology.  Macro-economic factors: GDP per capita (GDPP), the proportion of the industrial sector in GDP (industrialization) and the proportion of urban population (urbanization). These indicators reflect the economic development level, the industrialization level and the urbanization level, respectively. Generally speaking, the relatively developed regions are more inclined to implement SETPS.  Micro-enterprise factor: the proportion of state-owned and state-holding industrial enterprises (state_rate). In terms of the cost-benefit function, the national protection level and the environmental constraints vary across state-owned enterprises and private enterprises (Yan and Guo, 2012) [13] ; the efficacy of environmental policies will be significantly different across enterprises of different ownership. Meanwhile, a lower proportion of state-owned and state-holding industrial enterprises implies a higher degree of marketization and is also conducive to the implementation of market-oriented policies. Thus, the proportion of state-owned and state-holding industrial enterprises reflects the ownership structure, as well as the degree of marketization.
In summary, the probit model can be formulated as follows: The variables in this study are constructed in accordance with Tu and Shen [23] (2013). As for the industrial production process, we choose annual average of employees in the industrial sector (l), net value of the fixed assets in the industrial sector (k) and industrial end-use energy consumption (e) as input variables, while we use industrial gross output (y) as the output variable and the volume of SO2 emissions by industrial production (s1) as the emission variable. With regard to the industrial abatement process, we choose the volume of SO2 emissions by industry production (s1) and the number of facilities for the treatment of industrial waste gas (GMS) as input variables, while we use the volume of terminal SO2 emissions by industry (s2) as the output variable. Paid abatement costs are measured by the investment in the treatment of industrial pollution. Each province's net value of the fixed assets in the industrial sector and investment in the treatment of industrial pollution are converted into the comparable value, with 1998 as the base year, by using the price index of investment in fixed assets. The industrial gross output and the output of state-owned and state-holding industrial enterprises of each province are also converted into the comparable value, with 1998 as the base year, by using the producer price index for industrial products. Four indicators of industrial enterprises of the above designated size, which are volume of terminal SO2 emissions, volume of SO2 removed, end-use energy consumption and number of facilities for treatment of wastes gas, have not been released. Considering that the industrial enterprises of the above designated size account for a large proportion of the industrial sector, we use industrial-level data instead.
Data
The economic data in this study are collected mainly from "China Statistical Yearbook" [24] and partly from "China Compendium of Statistics from 1949 to 2008" [26] and "China Industry Economy Statistical Yearbook from 2001 to 2012" [28] . Meanwhile, missing data are filled by using the linear interpolation method. As for the specific process of industrial end-use energy consumption (please see Tu and Shen [29] (2013)), this paper uses the sum of 20 kinds of end-use energy consumption. In addition, the data on GDP per capita, the proportion of the industrial sector in GDP and the proportion of urban population are sourced from Tu and Shen [29] (2013). Table 1 gives a brief statistical description of the final sample in terms of output, input and price variables. 
Main Empirical Results
APAC and MPAC
Since the paid abatement costs are measured in terms of the investment in the treatment of industrial pollution, APAC is calculated in terms of the paid abatement costs per unit of desulfurization. Based on the network DEA to measure the MPAC proposed above, we make an estimation on the MPAC for each province in China from 1998 to 2011. By contrast, we also use the traditional method, namely DDF, to measure MAC, and we find that there is a significant difference between the two results. Please see the Appendix, Table A1, for details. As shown in Table 2 , we calculate the national APAC and MPAC from 1998 to 2011 by taking the simple arithmetic average of the 29 provinces. As we can see from Table 2 , China's APAC remained relatively stable with fluctuations around the mean value of 0.26 (10,000 RMB/ton) during 1998 to 2009, but sharply declined to 0.06 (10,000 RMB/ton) in 2010 and 2011. The mean value of non-pilot provinces and that of the pilot provinces was alternately greater than the other. During the pilot period starting from 2002, the APAC of the pilot provinces was larger than that of non-pilot provinces in the majority of the years. The difference of APAC between the pilot and non-pilot province even reached 0.28 (10,000 RMB/ton) in 2007. However, the APAC in the pilot provinces was less than or equal to non-pilot provinces since 2009.
By contrast, China's MPAC kept rising in general from 0.26 (10,000 RMB/ton) in 1998 to 9.10 (10,000 RMB/ton) in 2011 and reached 3.64 (10,000 RMB/ton) on average during 1998 to 2011. Comparing the mean value of MPAC between non-pilot provinces and pilot provinces, the MPAC of the pilot provinces was less than that of non-pilot provinces during the non-pilot period, but alternately greater than the other during the pilot period. Nevertheless, the MPAC in the pilot provinces has been lower than non-pilot provinces since 2009.
Additionally, as is shown in Table 3 , we calculate the APAC and MPAC of China's 29 provinces by taking the simple arithmetic annual average of each province. Note: Pilot provinces in bold type. "Eastern", "Central" and "Western" represent eastern areas, central areas and western areas in China, respectively. Eastern areas include twelve provinces (i.e., Beijing, Tianjin, Hebei, Liaoning, Shanghai, Jiangsu, Zhejiang, Fujian, Shandong, Guangdong, Guangxi and Hainan); central areas include nine provinces (i.e., Shanxi, Inner Mongolia, Jilin, Heilongjiang, Anhui, Jiangxi, Henan, Hubei and Hunan); and western areas include eight provinces (i.e., Chongqing, Sichuan, Guizhou, Yunnan, Shaanxi, Gansu, Ningxia and Xinjiang).
As Table 3 shows, Jiangxi exhibits the lowest APAC among all of the 29 provinces with only 0.02 (10,000 RMB/ton), while Qinghai has the highest APAC, and Beijing follows. In terms of regional APAC, eastern areas rank the first, central areas follow and western areas take the last seat.
The "three stages" concept proposed by Tu [30] (2009) is employed to evaluate the change of MPAC for each province during the 1998 to 2011. At the first stage (called the steep stage), MPAC is relatively higher, which means that a huge reduction in output only results in a small reduction in emissions. Therefore, provinces at this stage should put economic development in the first place. At the second stage (called the flat stage), MPAC tends to decline, which means that a slight reduction or even no change in output will lead to a huge reduction in emissions. Provinces at this stage should enhance environmental governance, because a substantial reduction in emissions can be achieved at a low price. Otherwise, they might endure high environmental costs for output growth. At the third stage (called the plateau stage), MPAC is negative, which means that the output will increase instead of decrease, even though the emissions are largely reduced. This is similar to the two-factor model of labor and capital, which indicates that the marginal output declines or even becomes negative when one of two factors grows to a certain level. It is the best opportunity for the provinces at this stage to carry out industrial structure adjustment.
As Table 3 exhibits, 21 of the 29 provinces' MPAC (include Beijing's, Tianjin's, and so on) is zero, which implies that standard energy saving and emissions reduction regulations, compared to command-and-control regulations, are able to meet emission reduction targets without sacrificing economic growth. This conclusion seems inconsistent with common sense, owing to the fact that the calculation of MPAC in this paper is based on network DEA, which takes full account of environmental governance efficiency. To some extent, this proves that it is an effective way to reduce MPAC by improving environmental governance efficiency. These provinces' MPAC, together with Guizhou's, Shaanxi's, Inner Mongolia's, Jilin's and Hubei's, are approximately zero. They are at the flat stage defined by Tu [30] (2009). They should strengthen environmental governance, but pay only a small price for a substantial emissions reduction. Helongjiang exhibits the highest MPAC of 79.57 (10,000 RMB/ton). Shanxi and Xinjiang also exhibit a higher MPAC. These three provinces are at the steep stage and should focus on economic development. In terms of the regional MPAC, central areas rank the first and eastern areas lie at the bottom. In this case, eastern areas are at the flat stage and should enhance environmental governance. Central and western areas are at the steep stage and should encourage economic development. These results are slightly different from Tu [30] (2009), who demonstrated that central areas exhibit the highest MPAC, but western areas exhibit the lowest. This difference is probably due to different calculation ideology. Tu [30] (2009) constructed the calculation formula with the marginal effect of pollution's inter-period changes on output, while this paper calculates it by comparing different environmental policies under the current reference technology.
The Effect of SETPS on PAC
As for the dataset of China's 29 provinces over the 1998-2011 period, the period of 1998-2001 is regarded as a non-pilot period and the period of 2002-2011 as the pilot period. Tianjin, Shanxi, Shanghai, Jiangsu, Shandong and Henan are the six pilot provinces, while the other 23 provinces are non-pilot provinces. Based on the kernel-based propensity score difference-in-difference method, this paper estimates Model (9) . At first, this paper calculates the mean of the key variables in pilot and non-pilot provinces over the two periods and then makes a comparison between these two groups of provinces, as shown in Table 4 . As Table 4 shows, the APAC of the pilot provinces is lower than that of non-pilot provinces in the non-pilot period, but higher than that of non-pilot provinces in the pilot period. This can be explained by the law of diminishing marginal utility. Specifically, when the intensity of environmental governance reaches a certain extent, its effect on emissions reduction tends to diminish. The intensity of environmental regulations in the pilot provinces is higher than that in non-pilot provinces. Therefore, the pilot provinces will incur higher costs in order to achieve the same amount of emissions reduction. The MPAC of the pilot provinces is lower than that of non-pilot provinces in both the non-pilot period and pilot period. This means that the pilot provinces, compared to non-pilot provinces, are in a better place to strengthen environmental governance. In other words, this is the reason, to certain extent, why these provinces are chosen to be the pilots of SO2 emissions trading. Comparing the environmental and energy factors, no significant difference in the energy structure can be observed between the pilot provinces and non-pilot provinces in both the non-pilot period and pilot period. The energy intensity of the pilot provinces is lower than that of non-pilot provinces in both the non-pilot period and the pilot period. This implies that the level of energy efficiency or energy-saving technology is higher in the pilot provinces, compared to non-pilot provinces. With regard to the macro-economic factors, the pilot provinces outperform non-pilot provinces in both the non-pilot period and pilot period. This result is also in line with the previous judgment that relatively developed regions are more inclined to impose SETPS. As far as the micro-enterprise factors are concerned, the proportion of state-owned and state-holding industrial enterprises in the pilot provinces is smaller than that in non-pilot provinces in both the non-pilot period and pilot period. This is also in line with another previous judgment that a higher marketization level is conducive to the implementation of a market-oriented policy.
Based on Model (10), this paper makes an estimate of propensity score based on the probit model. With regard to the scarcity of non-pilot samples, poor results for propensity scores and matching may occur if merely using one year of data of the 29 provinces in 2001. As is shown in Table 5 , this paper regards the dataset of four non-pilot years from 1998 to 2001 as a whole sample to estimate the probit model of the propensity score in order to prevent the sample estimating problem. The environmental and energy factors have a significant positive effect on determining whether a province is qualified as the pilot province for SETPS. It is shown that a province, which has a problematic heavy energy structure and a lower level of energy efficiency (or energy-saving technology), is more likely to be a part of SETPS with other conditions remaining constant. However, the above result is different from the initial understanding of the environmental and energy factors, due to the given simple arithmetic average of provinces when comparing the pilot provinces with non-pilot provinces in Table 4 . Table 4 shows that the energy intensity is lower in the majority of the pilot provinces, with Shanxi as an exception, whose energy intensity is 2.20 (ton of SCE/10,000 RMB) on average over the period of 1998 to 2001 and is much higher than the nationwide mean of 1.09 (ton of SCE/10,000 RMB). In addition to the variable of the proportion of urban population, other macro-economic factors show a significant positive effect, as well. In the period from 1998 to 2001, the GDP per capita of the pilot provinces is higher than the nationwide mean of 0.79 (10,000 RMB/person), with Shanxi and Henan as an exception. The proportion of the industrial sector of the six pilot provinces is larger than the nationwide mean of 38.40 (%), among which Tianjin ranks the first with 50.48 (%). The proportions of urban population of Shanxi, Jiangsu, Shandong and Henan are much smaller than the nationwide mean of 39.56 (%), among which Henan only exceeds Hainan with 22.60 (%) over 22.26 (%). As shown in Table 5 , the estimated sign of the proportion of urban population is negative, which deviates from the preliminary results in Table 4 . This is determined by the higher proportion of urban population in some pilot provinces, such as Tianjin and Shanghai, whose proportion is 76.80 (%) and 84.24 (%), respectively. The micro-enterprise factor of the proportion of state-owned and state-holding industrial enterprises is in line with the expectation. It has a negative, but not significant, impact. In the period from 1998 to 2001, the proportion of state-owned and state-holding industrial enterprises of the pilot provinces was smaller than the nationwide mean of 63.36 (%), with Shanxi as an exception. Among them, Jiangsu has 30.10 (%), which is only larger than Zhejiang's 21.01 (%) and Guangdong's 25.96 (%). By the way, Guangdong was approved to be a carbon emissions trading pilot in 2011. Note: Standard errors in parentheses; *** p < 0.01; ** p < 0.05; * p < 0.1.
Upon the estimations of the probit model, we can get propensity scores and then match one or more non-pilot provinces with the pilot provinces according to the principle of similar propensity score. The matching results show that 83.33% of the pilot provinces and 34.78% of non-pilot provinces are matched in the non-pilot period (1998-2001), while 91.67% of the pilot provinces and 44.78% of non-pilot provinces are matched in the pilot period (2002-2011). As seen from Figure 3 , this paper chooses the result in 2001 as an example to illustrate the geographic distribution of matching pilot provinces and non-pilot provinces, due to there being little change in matching results over time. In the pilot provinces, Tianjin, Shanxi, Shandong and Henan are matching provinces, but Shanghai and Jiangsu are exceptions. As to the geographic distribution of matching non-pilot provinces, they lie mainly nearby the matching pilot provinces or surround coastal areas. As is shown in Table 6 , we perform a t-test, which is called the balancing test in this case, on the matching variables between the pilot provinces and non-pilot provinces. It is not difficult to find that each absolute value of difference among matching variables is less than 20, and all of the results of the t-test do not reject the null hypothesis that there is no significant difference among the matching variables between the pilot provinces and non-pilot provinces. In short, the matching results by using the kernel-based propensity score method are proven to be reliable in this paper. Based on the results of propensity score and matching in the probit model, as shown in Table 7 and Table 8 , we can formulate the weighting function by applying the kernel density function and then calculating the effects of SETPS on PAC. This paper regards the dataset of ten pilot years from 2002 to 2011 as a whole sample to obtain the estimates in Table 7 , regardless of chronological order. In Table 8 , this paper takes chronological order into account and examines the dynamic effects of SETPS on PAC. Note: Clustered standard errors in parentheses; *** p < 0.01; ** p < 0.05; * p < 0.1.
As indicated in Table 7 , SETPS has a significant positive effect on APAC, but a negative effect on MPAC, which is not significant. Compared with the mean value in the pilot provinces during the non-pilot period, the APAC in the pilot provinces increased by 45.17% on average, while the MPAC decreased by 2585.7% on average. This shows that SETPS failed to reduce PAC from the past and future perspective. However, this conclusion is based on the dataset of ten pilot years from 2002 to 2011 as a whole sample. Would it be quite different if we investigate the SETPS of each year during the pilot period? Note: Clustered standard errors in parentheses; *** p < 0.01; ** p < 0.05; * p < 0.1. "Percentage changes" are compared with the mean value in pilot provinces during the non-pilot period.
As shown in Table 8 Table 2 . The APAC and MPAC in the pilot provinces have been constantly lower than non-pilot provinces since 2009. In summary, the year 2009 is a cut-off point for which SETPS began to cause a reduction in PAC.
The previous analyses can lead to the conclusion that the effect of SETPS on MPAC is not significantly negative if we investigate the dataset of ten pilot years from 2002 to 2011 as a whole sample, but the effect is significantly negative in 2009 and 2011 if we investigate each year separately during the pilot period. Meanwhile, the effect of SETPS on APAC was not significantly positive initially, but turned out to be significantly negative in 2009 and 2011. In other words, SETPS began to play a certain role in reducing PAC since 2009. This is in line with the practical experience in other countries that the practical effects of environmental policies needs some time to appear.
Conclusions
This paper examines the effects of SETPS on PAC in China during 1998 to 2011. First, this paper calculates MPAC based on the estimated potential output and potential emissions by using network DEA under two different policy scenarios, i.e., command-and-control regulations and standard energy saving and emissions reduction regulations. Then, we analyze the effects of SETPS on APAC and MPAC in the past and future by using the kernel-based propensity score difference-in-difference method. This paper reaches the following conclusions through empirical analysis: Third, the eastern areas should enhance environmental governance, while the central and western areas should encourage economic development. Since these regions are at different stages of environmental governance, the eastern areas rank first in APAC, the central areas follow and western areas lag behind them. However, the conclusion on MPAC is converse. The eastern areas exhibit the lowest MPAC, which indicates that they are at the flat stage. Therefore, the eastern areas should enhance environmental governance; while the central and western areas should encourage economic development, because of their higher MPAC, which indicates that they are at the steep stage.
Based on the above findings, this paper argues that the following counter-measures should be carried out to adjust China's emissions trading scheme. First of all, China should identify the deficiency of the present emissions trading pilot policies and improve them with respect to their design, as well as their operation. Secondly, China still needs to give priority to economic growth from the perspective of overall economic and environmental development, due to the effects of decreasing APAC and increasing MPAC. Furthermore, China's PAC has a significant difference among regions. Accordingly, the coordination between economic growth and environment and resources in central and western areas needs to be improved through economic support policies and energy saving technology transfer policies.
Limitations and Avenues for Further Investigation
This paper examines the effects of SETPS on PAC by using the kernel-based propensity score difference-in-difference method. Owing to the difficulty in obtaining the official micro-level data in China, we used provincial-level dataset instead in this paper. However, this study paves the way for further research that will be able to obtain a much more reliable estimation with micro-level data. In order to reduce the possibility of unreliable estimation due to the limitation of data, this paper selects a more appropriate estimation method. On the one hand, this paper uses the kernel-based propensity score difference-in-difference method to solve the self-selection problem of the pilot provinces. On the other hand, this paper does a remedial job, such as using four non-pilot years' data from 1998 to 2001 as a whole sample to estimate the probit model of the propensity score in order to prevent the likely poor results of propensity scores and matching due to the small sample size. In addition, this paper directly uses the difference-in-difference method to estimate Model (9) . The results are shown in Appendix Table A2 and demonstrate that the kernel-based propensity score difference-in-difference method is reliable in this paper, according to the results of the difference-in-difference method with the same estimated symbol. Nevertheless, the kernel-based propensity score difference-in-difference method is also proven to be a more appropriate estimation method in this paper, because all of the results of the difference-in-difference method are insignificant, due to the self-selection problem. Note: "1" is MPAC estimated by network DEA, which was used in this paper, "2" is MPAC estimated by DDF.
